Developing large E&P assets requires long-term commitments of capital that are tied to decisions on facilities, wells, scheduling, and production strategy. The decisions often must be made in the project-planning phase when large uncertainties exist that can lead to project risks. We present an optimization system and method that enables finding more-optimal reservoir-planning and managementdecision alternatives under conditions of uncertainty, such that the associated risks can be managed. The system integrates a global, stochastic search-optimization algorithm, finite-difference reservoir simulation, and economics. The optimization problem is posed with the business goal stated as the objective and includes economic, reservoir, and production constraints and statistical requirements. The optimization is illustrated in an example E&P asset with multiple oil fields produced through a common surface-pipeline network with uncertainties in reservoir volume, fluid quality, deliverability, and costs. Decision solutions seeking to maximize the mean net present value (NPV) while managing risk are presented. The example includes multiperiod decisions on scheduling of reservoir units, number of wells, and production-process capacity.
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Background for Planning With Uncertainty
Making good investment decisions, which account for uncertainties in major components of an E&P asset over a planning horizon, continues to be a significant challenge for the industry. There are many planning alternatives (e.g., numbers and types of wells and platforms, processing facilities, drainage strategies, gas management, and scheduling). There also are many uncertainties. These uncertainties lead to uncertainties in outcomes, such as NPV, rate of return, cumulative oil production, and gas-plateau period. If the uncertainty can have a negative outcome, it is refered to as risk. Fig. 1 illustrates a decision-making process that considers uncertainties and provides decision makers an uncertainty and risk perspective of field-development-planning alternatives.
The components of a decision-making process in the illustration are objectives, state parameters, decision variables, and decision processes. An objective is the statement of the goal, such as "maximize NPV" or "maximize recovery." State parameters cannot be controlled and often are uncertain (e.g., volume, deliverability, or faulting). Decision variables are controllable choices (e.g., number and location of wells). In addition, constraints can be imposed as limitations on the variables (e.g., a maximum process capacity).
With such processes as decision trees, the decision maker evaluates all possible decision alternatives, with probabilities assigned to uncertainties. With stochastic simulation, the decision maker assigns probabilities to uncertain parameters and scenarios, then generates solutions with random sampling. Solutions are not driven by the objective or potential risk. An E&P planning problem typically has such a large number of alternatives that one cannot simply search exhaustively for solutions, particularly when uncertainties exist. Thus, decision trees cannot be evaluated, and often only a small fraction of potential solutions is considered use of a case-study approach, with the result being that the best solutions may never be evaluated.
An alternative process, that is optimization, systematically finds the best solutions by evaluating a relatively small number of candidate alternatives. Optimization frames the problem differently (i.e., from the perspective of the objective, the set of decision alternatives, and constraints). A global, stochastic search optimizer is appropriate for planning problems that include discrete variables, are nondifferentiable, and are highly nonlinear. Uncertainty and risk are included explicitly through statistical requirements on the objective. An example problem statement of an optimization objective with requirements is "maximize the mean NPV, subject to the variance of the NPV being no greater than 10% of the mean and an 80% probability of maintaining plateau for 7 years."
Previous Work and Current Approach
Previous work in field-development planning under uncertainty 1,2 emphasized the importance of workflows that integrate subsurface information, well locations, well configurations and operations, surface configuration, and economics with stochastic analysis. However, industry continues to make many field-development decisions primarily on the basis of flow-simulation-sensitivity cases or simplified models that use simplifying constraints, which can underestimate uncertainty. Simulation tools, such as flow simulators, provide high-fidelity physics, but they give little guidance by themselves in identifying good planning alternatives.
Davidson and Beckner 3 and Wang et al. 4 have presented optimization examples. They optimize coupled reservoir/surface-network response and well-rate allocations within simulator timesteps. Eng and Herring 5 and Iyer et al. 6 present extensive mathematical programming formalisms for oilfield planning. These linear and nonlinear mathematical programming formulations have not been adopted in practice because of limitations in reproducing nonlinearflow responses through tuned proxy equations and their requirements for problem-specific, very complex formulations. Harding et al. 7 used a genetic algorithm as a global stochastic search engine for a production-planning problem with tank models.
There has not been an optimization framework that fully integrates rigorous reservoir modeling, flow simulation, and economics while explicitly managing risk. Here, we present a flexible approach for planning reservoir-development alternatives that accounts explicitly for uncertainty by requiring that the objective meet a requirement on its statistical risk, 8 using an optimizer. We incorporate a simulation-optimization approach described by Kelly, 9 which uses a global stochastic search algorithm in conjunction with flow simulation and uncertainty analysis.
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We next outline an example E&P decision problem that lends itself to optimization and risk management. We then describe the optimization-software system and approach used to solve the examples.
Examples
We first set up a hypothetical example of an E&P asset that requires a set of planning decisions. We assume that at the beginning of year 2002, a company is considering how to develop a new asset area that has three separated reservoir units, Units 1, 2, and 3, as shown in Fig. 2 . Each unit extends 15,000×15,000 ft areally by 300 ft vertically (gross volume). Each unit could be produced with as many as four wells connecting into individual gathering centers (GCs). The proposed tubing-and surface-network systems connecting the wells to the gathering centers and to a flow station are shown. The pressure at the outlet of the flow station is set at 500 psi. The company wishes to determine the best way to invest in this asset, while being constrained by an existing pipeline with a capacity of 20,000 STB/D over the next 10 years. The company seeks to maximize NPV with three decisions: (1) the year (2003 to 2012) to begin production for each unit; (2) the number of wells to be drilled for each unit (0 to 4); and (3) the oil-processing capacity to construct for each GC (0 to 20,000 STB/D). The company also wants to manage the potential risks. The actual number of possible decision combinations for unit scheduling and the number of wells is 125,000 (10 3 dates×5 3 wells). In addition, there are the three continuous GC rate-capacity decision variables. Obviously, the company cannot evaluate all possibilities in a decision tree. In practice, the company might consider a small number of the decision alternatives, on the basis of best judgments and experience, and then apply a probabilistic analysis to account for uncertainty for some of the cases.
The questions we wish to answer for our example E&P asset are: (1) "Can optimization improve over 'guessed' or 'intuitive' solutions?" and (2) "Can optimization assist us to manage risk with the complexity of uncertainty?"
Optimization System Fig. 3 shows the optimization system used here, which consists of three workflows, an outer optimization workflow (or outer loop), an inner scenario and uncertainty-management-simulation workflow (inner loop), and a dispatcher for distributed computing. The workflows are driven by a Java-based software architecture, which executes multiple algorithms. The executables in the outer loop are the optimizer, computations of objective-function and summary statistics, and connections to databases. The inner loop was described in detail in Narayanan et al. 2 and consists of an uncertainty engine that uses Monte Carlo (MC) or quasi-MC sampling, incorporating correlations, a production-profile reservoir simulator with a surface-pipeline network, and an Excel economic model.
Problem solutions often require hundreds of simulations. The dispatcher distributes individual simulations for both inner and outer loops onto a network of CPUs running on Linux or Windows platforms (Fig. 3) .
The optimization solver 10,11 uses heuristic globalsearch methods, or "metaheuristics," including Tabu search, scatter search, linear programming, and neural networks. The optimizer, as part of the outer loop, takes updated values for the objective and any requirements computed from the inner loop. The optimizer updates the decision variables to be used as input to the next innerloop computation. With this architecture, the optimizer does not require specifics of the complex physical model; thus, formulations can be fairly straightforward, and alternative objectives, constraints, and requirements are easily specified. The flow simulator handles the nonlinear-physical-model production flow and constraints. The global optimizer does not converge to a mathematical or "provable" optimal. It progressively improves the objective by finding "better" solutions with additional iterations. If there is no uncertainty in the parameters, then the inner-loop simulation is executed only once, and the calculated single-objective-function value is passed to the outer loop. When uncertainty exists, a stochastic simulation (MC or quasi-MC) is conducted in the inner loop to generate statistics for the objective. For example, using MC, a set of random numbers is generated and used to draw parameter-quantile values for each of the uncertain parameters from their probability-density functions. Dependencies between parameters are handled through correlation coefficients. Production profiles are computed by use of the instance values of the parameters and decision variables obtained from the optimizer. Because we use a finite-difference flow simulator, the production system is modeled rigorously, with as much detail as appropriate in the geologic model, the tubing hydraulics and constraints, and the depletion strategy.
Example Results
Here, the earlier questions about whether optimization can improve planning for the example asset are investigated. We pose several "stories" about the asset that have different assumptions about each unit' s characteristics and level of uncertainty. It will be shown how solutions change from rather "intuitive" to "nonintuitive" as the assumptions change in complexity. The characteristics that differentiate the three units are volume, productivity or deliverability, fluid quality, costs, and uncertainty. Table 1 lists values of properties associated with the terms "high," "medium," and "low" assigned to the unit characteristics.
Story 1-Intuitive Solution. Unit 1 has comparatively "high" reservoir volume, reservoir productivity, and oil quality, and has comparatively "low" development costs. Unit 2 has comparatively "medium" characteristics. Unit 3 has comparatively "low" reservoir volume, productivity, and oil quality, and has comparatively "high" development costs. There is no uncertainty. The decision solution for Story 1 is fairly intuitive: drill and produce Unit 1 early, start up Unit 2 to help fill the pipeline, and produce Unit 3 only if it can add value relative to its higher cost. Fig. 4 shows flowsimulation production profiles for two alternatives. On the left, all three units are produced, each from 2003, with four wells in each unit (production capacities shown in Table 2 ) and on the right, Units 1 and 2 are produced, but Unit 3 is not. Table 2 shows that the NPV is U.S. $279 million without Unit 3 and U.S. $247 million with Unit 3. Thus, producing Unit 3 from the first year is less valuable than not producing Unit 3 at all.
What about optimization? The optimizer finds slightly higher NPV, smaller maximum-cash investment, and increased oil compared with the intuitive result and also does not produce Unit 3. Engineering judgment was pretty close to the optimizer, as might be expected. Table 3 . Unit 1 has the highest volume and productivity along with the highest development costs, while Unit 3 has the smallest volume and productivity, but has the lowest costs and best oil quality.
Story 2-Nonintuitive Solution Without Uncertainty. The units have the characteristics in
The best solution from the optimizer produces all units, but delays Unit 1 startup until 2005, reduces the number of wells to be drilled in Unit 1, and increases the production capacity of Unit 2. The best solution yields an increase in oil recovery of approximately 4 million bbl, an increase in NPV of approximately U.S. $20 million, a decrease of maximum cash out of approximately U.S. $65 million, and an increase in rate of return from 18.1 to 21.6%, compared with an "intuitive" solution of producing all units from 2003.
Story 3-Solutions With Uncertainty and Risk Management.
The units have the same characteristics as in Story 2 (Table 3) , but now the company must manage risk. Unit 1 has high uncertainty, Unit 2 has medium uncertainty, and Unit 3 has low uncertainty, where uncertainty is characterized by the spread or variance across all characteristics. Parameters with a high uncertainty have large variance compared with parameters with low uncertainty. Parameter uncertainties are represented by continuous probability-density functions (log normal, normal, and triangular distributions). Table  3 lists some uncertainty characteristics, and Fig. 5 shows NPV histograms for the three units for 200 MC simulations for cases in which each unit was produced separately and all together, with four wells each from year 2003. The company requires that development-decision alternatives meet its risk tolerance. There can be many aspects to risk management. The approach with a simple strategy is illustrated here. The company' s risk requirement is that the standard deviation (SD) of NPV must be no greater than 15% of the mean NPV. By this definition, Fig. 5 shows that producing all three units together has a risk of 20%, producing Unit 1 in isolation would have a risk of 47%, but producing Unit 3 by itself would have a risk of only 12%. The optimizer searches for a combination of production start, number of wells, and production rate that maximizes mean NPV, while meeting the overall risk requirement of 15%.
Figs. 6 and 7 present the results. The "guess" decision is the alternative of producing all three units from 2003 with four wells in each unit. This decision has an SD of 20% and, thus, does not meet the risk tolerance of 15%. The optimizer finds a solution with approximately the same mean NPV, while meeting the risk tolerance with much less cash outlay and a higher rate of return. To meet the risk requirement, the optimal decision is to reduce the number of wells in Units 1 and 2 to two each with production capacities of 8,000 and 6,500 STB/D, respectively. Fig. 8 plots the mean NPV change with its SD: each point represents an inner-loop MC simulation needed to establish the statistics. The straight line is the 15% requirement; therefore, points left of the line meet the requirement. The green dashed line approximates a locus of highest NPV points for which the requirement is met. The last 350 iterations (red squares) have a cluster of good solutions; that is, solutions with high mean NPV that meet the risk requirement.
One way to manage risk is to reduce uncertainty by buying data. In a variation of Story 3, the company evaluates the benefit of spending U.S. $10 million in 2002 on well appraisal, seismic, and petrophysics to reduce the uncertainties for Unit 1. After spending U.S. $10 million, Unit 1 is assumed to have low uncertainty. The optimizer finds a set of new solutions that meet the requirement with the reduced uncertainty. The NPV is somewhat lower, and the risk is reduced substantially with a higher rate of return (Figs. 6 and 7) . Unit 1 is produced with three wells at 10,300 STB/D, and Unit 2 production is delayed until 2004. Another way the company can manage risk is to sell part of its equity. As a third variation of Story 3, the company offers a buy-in to Unit 1 on the basis of the mean reserves estimate. The company decides to treat its ownership interest in Unit 1 as a decision variable to see what interest it might sell to gain value. The ownership interest found by the optimizer is 64% (i.e., 36% of Unit 1 should be sold to increase value and manage risk), and Unit 1 startup should be delayed until 2006.
Discussion
As discussed, a realistic asset planning decision can be quite complex with competing tradeoffs and multiple uncertainties. Even experienced engineers can be limited to evaluating only a few alternatives when using common processes, such as decision trees. Optimization can search through a very large number of alternatives quickly and account for data uncertainty to manage risk.
An optimization system was developed to seek better decision alternatives when planning oilfield and gasfield projects that involve uncertainty. The system uses a global optimizer outer loop working in conjunction with a stochastic inner loop, which executes flow simulation and economics. The system is adaptable to alternative problem formulations (e.g., objectives, requirements, constraints, and decision variables) and to alternative production-profile simulators, economic models, or optimizers. The use of a finite-difference simulator for the examples in this paper ensured that production flow physics were computed rigorously. The problems that are inherent with setting up and relying on extrapolations from surrogate or response models were avoided.
Although the example considered in this paper involved a "new" asset development, integration with the flow simulator enables extension and scalability to other E&P problems. Examples include updating reservoir models with new field data for evaluation of future choices, intelligent-well planning, well-location evaluation, and scheduling. 
